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Abstract
Transforming the education system and building highly skilled human capital for a sustainable
and competitive knowledge economy have been on the UAE’s top policy agendas for
the last decade. However, in the UAE, students’ math performance on the Program for
International Student Assessment (PISA) has not been promising. To improve the quality of
schooling, a series of malleable predictive factors including the contributions of self-system,
metacognitive skills, and instructional language skills are selected and categorized under
student approaches to math learning. These factors are hypothesized as both predictors and
outcomes of K12 schooling. Through the analysis using machine learning technique, XGBoost,
a latent relationship between student approaches to math learning and math diagnostic test
performance is uncovered and discussed for students from Grade 5 to Grade 9 in Abu Dhabi
public schools. This article details how the analysis results are applied for student behavior and
performance prediction, precise diagnosis, and targeted intervention design possibilities. The
main purpose of this study is to diagnose challenges that hinder student math learning in Abu
Dhabi public schools, uncover R&D initiatives in AI-driven prediction and EdTech interventions
to bridge learning gaps, and to counsel on national education policy refinement.
الملخص
بية العر مارات ا السياسات ال أ جداول أ أحد وتںاف مستدام معر اقتصاد أجل من هارة ا عا ي الب ال ا رأس وبںاء التعل ںظام ويل ن
لتحس واعًدا. (بيسا) للطلبة الدو التقي تحدة ا بية العر مارات ا لطلبة ضيات الر أداء يكن ذلك، ومع . ا ا العقد مدى ع تحدة ا
التعليمية اللغوية هارات وا عرفية ا وراء ما هارات وا الذا الںظام ات مسا ذلك ا رںة ا التنبؤية العوامل من سلس وتصںيف ديد ي ، التعل جودة
ستخدام التحليل ل خ من .١٢ الصف مرح در ا التعل وںتا تنبؤات ا أ ع العوامل هذه اض اف ي ضيات. الر لتع الطلبة مںا إطار
للطلبة ا ومںاقش ضيات للر التشخي ختبار ا وأداء ضيات الر لتع الطلبة مںا ب مںة ال قة الع عن الكشف ،XGBoost ، ا التع تقںية
وتوقع الطالب سلوك ع التحليل ںتا تطبيق كيفية الورقة هذه تو . أبوظ إمارة كومية ا دارس ا التاسع الصف إ امس ا الصف مرح من
هارات الطلبة تع تعيق ال ت التحد تشخيص هو الدراسة هذه من الرئي الغرض إن دف. س ا التدخل تصم ںيات وإم الدقيق والتشخيص داء ا
التعل تكںولوجيا ت وتدخ صطںا ا ء لذ دفوع ا التنبؤ والتطو البحث مبادرات عن والكشف ، أبوظ كومية ا دارس ا ضيات الر مادة
الوطںية. التعل سياسة تںقيح بشأن شورة ا وتقد ، التع وات لسد
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1. Introduction
Building domestic human capital for a competitive knowledge economy has been one
of the top policy agendas in the United Arab Emirates (UAE) for the past 10 years. In
2010, two milestone UAE federal policies on human capital development were initiated:
first, the UAE Vision 2021 aims to build a first-rate education system with two key
components: (a) the ranking of Emirati students as among the best in the world and (b)
digitizing the education system by the use of smart devices and systems (UAE Vision
2021, 2009); second, the Ministry of Education 2010–2020 Strategy aims to accomplish
a score of 10 out of 10 in strategic initiatives that encompass student outcomes, student
school life, student equality, student citizens and administrative effectiveness to bring
significant improvement in the education system (UAE Ministry of Education, 2010). In
2008, the Abu Dhabi Emirate outlined the importance of developing a highly skilled,
highly productive workforce through education, training, and skill development in Abu
Dhabi Economic Vision 2030 (Government of Abu Dhabi, 2008). Aligned with these
policy goals, UAE has set a considerable part of its budget to develop the education
sector. In 2010, the education sector received approximately 2.7 billion USD federal
funds in the country (Farah, 2012); in 2018, the education sector received AED 10.4
billion from the federal budget (UAE Ministry of Finance, 2018); and in 2019, the Ministry
of Education received AED 4 billion to transform the Vision 2021 into reality (UAEMinistry
of Finance, 2019).
With investment and policy support, UAE has made key achievements. According to
UNESCOpublic data on the UAE, the net enrollment rate for primary education improved
from 86.53% in 2012 to 95.03% in 2017, while the net enrollment rate in secondary
education reached 92.8% in 2017. Since 1975, the literacy rate among the population
aged 15 years and older in the UAE has increased considerably, reaching 93.23% in
2015. Regarding the progress and completion in education, school life expectancy
ISCED (the International Standard Classification of Education) 1–8 (years) for primary to
tertiary education was 14.34 in 2017, the percentage of repeaters in primary education
was 17% in 2015, and primary to secondary transition rate was 99.93% in 2013 (UNESCO,
n.d.).
Apart from accomplishments in providing access to education and eradicating illit-
eracy, the UAE is moving further toward improving the quality of schooling as the
country aims to have local students rank among the best in the world. In addition, since
2009, the UAE has been actively aligning the quality of education with international
standards by participating in international tests such as PISA (The Programme for
International Student Assessment). PISA assesses whether 15-year-olds have acquired
key knowledge and skills by the time they are nearing the end of the cycle of compulsory
education before greater participation in modern societies. Economists Hanushek and
Kimko (2000) argue that countries with higher math and science international test scores
have higher rates of economic growth. One standard deviation in test performance
results in a 1% difference in annual per capita GDP growth rate (Farah, 2012, p. 3).
However, according to the 2018 PISA report on UAE students’ performance, students’
mean performance in reading, math, and science has been well below the OECD
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average since 2012. Student mean scores in reading and science have been dropping
from 2012 to 2018, and math mean score remains mostly stable, with a small fluctuation
in 2015, but only over a range of <15 score points. The gap between the highest- and
lowest-achieving students widened in all three subjects (OECD, 2018).
Therefore, if the UAE federal government aims to build domestic human capital
and improve student performance in PISA, then understanding how its young citizens
approach academic learning and the contribution of their approaches to academic
performance before the age of 15 is very important. PISA data on the UAE considers
both public and private schools across seven Emirates. Among the seven emirates,
the Emirate of Abu Dhabi has the highest number of Emirati students in the K12 public
school system (Kippels & Ridge, 2019). This article focuses on understanding how Grade
5 to Grade 9 students approach math learning in Abu Dhabi public schools to find out
potential reasons behind why 15-year-olds perform consistently low in the PISA math
test.
Student approaches to learning are reflected in how the student approaches the
instructional task. According to the “Instructional Core” proposed by City et al. (2009),
the instructional task that the student is actually doing predicts performance, and
“increases in student learning occurs only as a consequence of improvements in the
level of content, teachers’ knowledge and skill, and student engagement” (p. 23). The
student approaches an instructional task by first directing the information processing
inward to have domain-specific judgments about self and task (for instance, self-efficacy,
affective reactions, motivation) and then outward at the required learning activities using
metacognitive and cognitive strategies, according to the preliminary causal model of
the role of the self-system in self-regulated learning (McCombs, 1986). Winne (1997)
proposed the COPES model for self-regulated learning that incorporates conditions,
operations, products, standards, and evaluation. Conditions consist of internal condi-
tions including the following: knowledge about the topic, study tactics, motivational
orientation, and external conditions such as difficulty of the level of learning content
that the student perceives could influence internal conditions. Operations work on infor-
mation following cognition and metacognition processes. Every operation generates
products that are evaluated using standards. Basic cognitive operations consist of the
following: (a) searching for information that meets standards; (b) monitoring by identifying
whether information corresponds to standards; (c) assembling by joining previously sep-
arate information to identify a relationship; and (d) rehearsing by reinstating information
in working memory and transforming the representation of given information (Winne,
1985; Winne, 2010).
Metacognition is a quality of thoughts and thinking, using the same fundamental
cognitive operation processes. Throughout the self-regulated learning process, as Efk-
lides et al. (2018) pointed out, the student’s motivation and emotions play a key role
in the following three aspects: (1) motivation and emotions are internal conditions that
the student monitors in the initial phase of self-regulated work; (2) the standard that
the student sets in metacognitive monitoring corresponds to the presence or level
of motivation and emotions; (3) the student regulates cognition the same way as the
student sets goals to regulate motivation and emotions.
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Assuming that the student is the active self-regulatory learning agent while the role
of the teacher is not dominant, student approaches to math learning within the Instruc-
tional Core essentially follow Winne’s COPES (1997) processes including conditions,
operations, products, standards, and evaluation as well as McComb (1986)’s model, both
of which encompass internal conditions that cover self-system factors such as affective
emotions, motivation, and metacognitive and cognitive operations. In addition, math
instructional language, English, is included as an external condition because Emirati
students learn math in their second language. Also, grit, coined by Duckworth et al.
(2007), is added as a self-system factor/an internal condition because it reflects a key
quality if an individual can persevere and have passion for long-term goals to become
a high-skilled citizen that contributes to key human capital for a country like the UAE.
Although the data in this paper were collected from students, they are reflective of
the interplay of the Instructional Core, as explained above. Due to the complexity of the
contributions of learning factors in the education domain, instead of using traditional
social science statistical analysis, this study uses machine learning techniques because
the prediction model takes into account the contribution of each feature/learning factor
in a complex way. This fits the nature and complexities of education, plus using machine
learning and deep learning techniques to uncover the contribution of learning factors
to student academic performance has been practiced by researchers for the past 10
years. Pardos et al. (2014) used Machine Learning algorithms (e.g., step regression,
Naive Bayes, etc.) to study students’ behavior and affective states using log data from
a web-based learning platform and their effects on the end-of-year math performance.
They concluded that confusion and boredom are negatively correlated with the learning
outcomes, while engaged concentration and frustration have a positive association
with the learning outcomes. Kumari et al. (2018) applied bagging, boosting, and voting
ensemble methods on Decision Tree (ID3), Naive Bayes, K-Nearest Neighbor, Support
Vector Machines to predict the student academic performance using e-learning system
data. They showed that behavioral features are influential factors affecting the per-
formance of students. Similarly, Kostyuk et al. (2018) used multiple machine learning
algorithms like linear models, random forest, and gradient boosting to investigate
several affective states and engagement-related behaviors in a mathematics-blended
learning environment, and found that students with high rates of engaged concentration
were more likely to perform well in the test. Harvey and Kumar (2019) used linear
regression, decision tree, and Naive Bayes classifiers to develop predictive models to
predict math scores for high school students. According to their results, the Naive Bayes
technique produced the highest accuracy. Besides, Crossley et al. (2019) conducted a
study to explain the relationship between math success and language production by
applying a mixed-effect model and NLP techniques in an online tutoring system. They
concluded that students whowere successful in math produced sophisticated language.
Coleman et al. (2019) proposed an approach to circumvent the cold-start problems
associated with students’ at-risk status using an ensemble model. They showed that
the approach produces effective predictive power to address cold-start scenarios.
The current study proceeds in the following manner. We begin with the research
framework highlighting hypotheses and research questions followed by reviewing
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XGBoost and SHAP methods to analyze the contributions of student approaches to
math learning towards their math academic performance . Next, we summarize major
findings and suggest education policy implications and R&D directions for the Ed-tech
sector in the UAE.
2. Research Framework
2.1. Hypotheses
We propose the following hypotheses to foster our research on the issues discussed:
1. Student approaches to learning are considered as both predictors and outcomes
of schooling. Outcomes of schooling should consist not just of academic performance
measured by standardized test scores, but also how students approach academic
learning, which is the “why” behind what the test score says. We hypothesize that
student approaches to learning predict academic performance.
2. Student approaches to math learning within the Instructional Core consist of the
interplay of the self-system factors, metacognitive strategies, math cognitive strategies,
and instructional language skills to execute math learning tasks and produce learning
outcomes, given that the student plays a central self-regulatory role.
2.2. Research Questions
1. What is Grade 5 to Grade 9 students’ math academic performance level com-
pared with their international peers who are using the same American Common Core
curriculum standards?
2. What are the predictive learning factors that measure student approaches to math
learning hypothesized above?
3. Is there a relationship between these factors and students’ math academic perfor-
mance?
4. If yes, what is the relationship? Does the relationship vary between students?
3. Methodology
3.1. Qualitative and quantitative measurements
This section explains the measurements of the hypothesized student approaches to
math learning which are highlighted in Table 1. Since this study focuses more on general
metacognitive functioning, self-system, and the role of instructional language when the
student acts as the self-regulatory agent within the Instructional Core, math content-
specific cognitive strategies are not included in this article. Metacognitive skills and
self-regulated learning strategies are proven to drive effective independent learning
(Zimmerman and Schunk 2001, as cite in OECD 2010, p.42). Moreover, designing a
battery of qualitative measurements for math content-specific cognitive strategies in the
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UAE context requires extensive research itself. However, the lack of cognitive strategies
is acknowledged as a limitation.
Table 1




Self-system Domain-specific expectations and
judgments about self and task
Math self-efficacy
Math self-concept





















The definition of the self-system factors is based on understanding the preliminary
causal model of the role of the self-system in self-regulated learning (McCombs, 1986).
According to research on the causal relations between self-system variables, affect,
motivation, and actual performance, student affective reactions of competency are most
strongly related to motivation to perform which strongly predicts performance (Harter
1985, as cited in McCombs, 1986, p.9). Once students develop the motivation to perform,
the process of activating general metacognitive skills and domain-specific cognitive
strategies would start. All survey questions were delivered in both English and Arabic
to ensure students understood the questions. Before the implementation of surveys,
three rounds of bilingual survey design evaluations were conducted by Arabic and
English specialists, considering our research understanding of students’ literacy levels
in Abu Dhabi public schools.
Among the self-system factors, self-efficacy and self-concept are designed to reflect
student expectations and judgments about self and math-learning tasks. Self-efficacy
is defined by items such as “I believe I can understand the content in my math lesson”
and self-concept by items such as “I learn math quickly.” Moreover, five questions were
designed to measure self-efficacy in math and five for math self-concept, using scale
items such as “very different from me, a little different from me, a little like me, a lot like
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me.” Among the various affective reactions to math learning, two key anxiety factors, in-
class anxiety and grade anxiety, were designed due to prior field research experience
and future intervention considerations to improve classroom learning dynamics. Five
questions were designed to measure in-class anxiety such as “I am afraid to give wrong
answers during my math class,” three questions for grade anxiety such as “I worry
that I will get poor grades in math tests,” using scale items “very different from me,
a little different from me, a little like me, a lot like me.” Intrinsic motivation defined by
items such as “I am interested in the things I learn in math” and instrumental/extrinsic
motivation by items such as “Math is an important subject for me because I need it for
what I want to study later on” are used as sources of motivation toward math learning.
In addition, four questions were designed to measure intrinsic motivation and four to
measure instrumental/extrinsic motivation, using scale items “very different from me, a
little different from me, a little like me, a lot like me.” Among these factors, self-efficacy
is the foundation and key because self-efficacy beliefs reflect the first action that the
self-system judges about self and the learning task, and then produce diverse effects
through four major processes, including affective responses, motivation, metacognitive,
and cognitive processes (Bandura, 1997). The surveys were designed based on the
understanding of relevant research literature, PISA survey design framework, field
research experience, and future intervention considerations. Simple phrasing with a
scale of 1–4 was chosen to reduce complexities that students may have in interpreting
questionnaires. The weighted averages of survey responses were used for statistical
analysis.
Eight original grit survey statements such as “Setbacks do not discourage me. I
bounce back from disappointments faster than most people” were applied using a
Likert scale of 1–5, with scale items such as “not like me at all, not much like me,
somewhat like me, mostly like me, very much like me” (Duckworth et al., 2007). The
weighted average of survey responses was used for statistical analysis.
For metacognitive strategies, two batteries were applied. First, Metacognitive Aware-
ness of Reading Strategies Inventory (MARSI) was used to assess students’ metacogni-
tive awareness and perceived use of ESL reading strategieswhile reading school-related
materials. Fifteen questions were categorized under global reading, problem-solving,
and support reading strategies, using a Likert scale of 1–5. A student’s response >3.5,
between 2.5 and 3.4, and <2.5 indicates high, medium, and low levels of awareness,
respectively (Mokhtari et al., 2018). The primary reason for choosing this tool was that
students in Abu Dhabi public school system learn math in their second language, that
is, English, and metacognitive processing of English comprehension is the first step
to process math concepts. Also, PISA math learning strategies such as memorization,
control, and elaboration strategies were applied to measure student metacognitive
operations involved in math learning. Memorization strategies involve learning facts or
rehearsing examples. These strategies are needed when learners retrieve information
for further processing. Elaboration strategies indicate that students relate the under-
standing of new knowledge to prior learning and knowledge, which deepens students’
understanding. Control strategies mean that learners set goals and monitor progress
in reaching learning goals. Likert scale of 1–5 was used to understand the frequency
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of exercising the above three strategies, such as “never or almost never, occasionally,
sometimes (about 50% of the time), usually, always or almost always” (OECD, 2010).
The weighted averages of survey responses were used for statistical analysis.
For the instructional language measurement, the MAP Growth English adaptive test1
was selected to measure student English performance which consists of language and
reading. Language assesses vocabulary and grammar skills while reading assesses
reading comprehension only.
To understand themath academic performance of Grade 5 to Grade 9 students in Abu
Dhabi public schools, the Renaissance Star Math test2 was implemented. The Star Math
test is designed based on American Common Core standards and more than one-third
of US schools use this solution, which gives us a good benchmark to compare AbuDhabi
public school students against their peers who follow the same curriculum standards.
The Star Math test provides two different types of test scores: criterion-referenced
scores and norm-referenced scores. The criterion-referenced scores measure students’
knowledge level and their abilities, such as Scaled Score (SS) and Grade Equivalent
(GE) score. Norm-referenced scores provide a relative measure of student achievement
compared to the results of other students who have taken the same test as Percentile
Rank (PR) and Normal Curve Equivalent (NCE). In this study, we use the criterion-
referenced scores: SS and GE.
3.2. Sampling and data collection
Purposive sampling, weighted random sampling, and demographic considerations such
as gender and school location are applied to create a sample of 4,107 students from
Grade 5 to Grade 9 across 20 Abu Dhabi public schools. These sampling approaches
were used to select representative samples for all Abu Dhabi public schools. Of note,
Abu Dhabi public schools use the Alef platform as a primary education tool and stu-
dents are assessed using formative assessments. To ensure that our sample data is a
valid representation of the student population in Abu Dhabi public schools, we have
used the Kolmogorov–Smirnov two-sample statistical test on students’ math formative
assessment scores on the Alef platform. The test results in a p-value of 0.342, indicating
that the sampling distribution follows the real student population distribution.
Moreover, prior to the implementation of questionnaires and diagnostic tests,
approvals from the Department of Education and Knowledge (ADEK) and school
principals were obtained. Students and teachers were introduced to the diagnostic
tests and questionnaires with an explanation of purposes. All data collected follow the
government student privacy protocol and do not contain any personally identifiable
information.
While the MAP Growth English diagnostic test and the Renaissance Star Math diag-
nostic test were implemented through online adaptive test systems, the bilingual ques-
tionnaires in English and Arabic were implemented through Survey Monkey. The Diag-
nostic tests and questionnaires were implemented in the same environment and at
the same time in November 2019. Measures are taken to ensure the quality of data
collection. For instance, teachers and proctors were trained to ensure that students
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record the required information properly such as their student ID, avoid cheating, and
spend at least 20 minutes on the diagnostic test that covered 30 questions.
3.3. Dataset description
The collected datasets were combined and analyzed for descriptive and exploratory
insights. Of the 4,107 students, high-quality data of 1,660 students were obtained post
data merging and cleaning. Additionally, data of students who did not record the correct
information such as student ID on both questionnaires and diagnostic tests and those
who spent <20 minutes as the minimally required time for the diagnostic test were
removed. Table 2 shows the distribution of students per grade level.
Table 2
Number of students in each grade level






Further, Cronbach’s alpha with item analysis was used to measure the reliability of all
survey questions, which yielded excellent internal consistency with a Cronbach alpha of
0.9074. The reliability for self-system and metacognitive regulatory strategies questions
were 0.8178 and 0.9217, respectively. Table 3 summarizes all the variables used for
this research. Star Math SS ranged from 0 to 1400 and was used as a target value
in this study to compare student math performance across grade levels. GE is a norm-
referenced score ranging from 0.0 to 12.9+. The weighted average responses for student
questionnaires were used for analysis.
3.4. Learning algorithm
Machine learning is used to solve and unfurl complex problems in much of the research
today. It is utilized to find valuable patterns within data and turn information into
knowledge. These analyzed patterns and knowledge are applied to build the foundation
for further prediction.
Challenges in the education domain are complex because there is an interplay of
multiple factors from many stakeholders including the student, teacher, and content
factors and family. This study only focuses on understanding the contribution of mea-
surable and malleable factors to student math learning within the Instructional Core
to identify key issues. To solve this problem, we used an extreme gradient boosting
model (XGBoost) technique. XGBoost is a scalable implementation of gradient boosted
decision trees (Chen & Guestrin, 2016). This algorithm is immensely popular among
data scientists due to its high accuracy and low risk of overfitting. XGBoost is based
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Table 3
List of features
Feature Data type Description Range | Values
Language Numerical English diagnostic test result [100, 260]
Reading Numerical English diagnostic test result [100, 260]
SS (Scaled Score) Numerical Math diagnostic test results
(Target Feature)
[0, 1400]
GE (Grade Equivalent) Numerical Math diagnostic test results [0.0, 12.9+]
Self-concept in math,
















Demographic Boy and girl
Grade Categorical (Ordinal) Grade level of students [5, 6, 7, 8, 9]
on boosting techniques which iteratively updates the parameters to create a strong
predictor (Friedman, 2001).
Boosting techniques are complex ensemble algorithms that provide insights into the
system from a global perspective based on features’ importance. However, it fails to
provide interpretation at individual predictions. To unfold these complex algorithms,
we applied Explainable Artificial Intelligence (XAI) methods. These methods have been
designed to provide visibility to understand predictions from both global and local level
interpretation. One of the methods that comes from cooperative game theory is known
as SHAP (Shapley Additive exPlanations).
3.5. Interpretation of complex algorithms (SHAP)
SHAP is a game-theory and a local explanation technique that is used to interpret the
contribution of each feature (predictive factor) on the output of the model (Lundberg
& Lee, 2017). Shapley values are utilized to compute the significance of a feature by
contrasting what a model predicts with and without a feature from every conceivable
blend of n features in the dataset 𝑆 . Given a value of feature 𝑥 ∈ 𝑆 , SHAP calculates the




|𝑆| ! (𝑛 − |𝑆| − 1)!
𝑛! (𝑝(𝑆 ∪ 𝑥) − 𝑝(𝑆))
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However, the order of features is relevant and can affect the predictions, so the model
does all possible permutations to evaluate features decently. It suppresses a feature
of no contribution to zero and provides equal values to features that have the same
contribution (Lundberg & Lee, 2017).
3.6. Experimental evaluation
We conducted the XGBoost model training by holding 10% of the data in the test set
and used the remaining ones in the training set to predict SS as a target value using
the predictive features in Table 3. To evaluate our experiments, we considered two
widely popular statistical metrics, Root Mean Square Error (RMSE) and Coefficient of
Determination (𝑅2). RMSE is a measure of the deviation of predicted values from their
true ones, while 𝑅2values represent the magnitude of the relationship between the
predicted values and the observed outcomes. We implemented the proposed method
in Python with the XGBoost3 package and SHAP4 library and executed them on a pc
with 2.6 GHz intel@core i7, 16GB DDR4 memory.
After tuning the hyperparameters and employing Monte Carlo simulations with 100
iterations, the final XGBoost model processed the test dataset with 𝑅2 of 0.67 and
𝑅𝑀𝑆𝐸 of 80.6. Mean and Standard Deviation of the difference between actual and
predicted values were –0.87 and 80.85, respectively. We then applied SHAP values to
interpret our complex XGBoost model.
4. Results and Discussions
4.1. Student math academic performance compared with interna-
tional peers
As mentioned in the introduction section, the UAE 15-year-old-student PISA math mean
scores have been well below OECD since 2012. Moreover, there has not been much
change in the math mean score from 2012 to 2018, and the performance gap between
high and low achievers has been widening. This implies that students experience
learning gaps before reaching the age of 15. Not surprisingly, as shown in Figure 1,
students from Grade 5 to Grade 9 in Abu Dhabi public schools do have a grade gap.
In this article, we define a parameter, grade gap, representing how far the students are
below the grade level. This parameter is achieved as follows:
Grade gap = GE (Grade Equivalent) score – Grade level
The average math grade gap per each grade level falls below zero from Grade 5
to Grade 9, which indicates that on average, students in Abu Dhabi public schools lag
behind international peers from Grade 5 to Grade 9.
Further, the average grade gap is observed with a growing trend moving from Grade
5 to Grade 9, despite a small deviation in Grade 7, reaching 3.366 in Grade 9; thus, on
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Figure 1
Average student grade gap per grade level
average, the actual math performance level of an average Grade 9 student equals that
of a fifth grader reaching the seventh month of the academic year. Possible explanations
for the increase in the average grade gap in Grade 9 might be that our sample size for
Grade 9 is relatively smaller than that of other grade levels.
The following section focuses on uncovering evidence of the contribution of predic-
tive factors measuring student approaches to math learning to math academic perfor-
mance.
4.2. Relationship between predictive factors for student
approaches tomath learning andmath academic performance
Figure 2 shows the contribution of predictive factors to an individual student’s math
Scaled Score (SS = 609.66) which is the output value. Predictive factors that push math
SS scores to higher and lower values from the baseline are shown in red and blue,
respectively. The length represents the magnitude of the contributions. For instance,
language score 171 is the number one factor that negatively contributes to math aca-
demic learning for this student, whereas being in Grade 8 is the number one factor that
positively contributes to math academic learning for this student. As seen in Figure 2,
SHAP provides an interpretation of predictive factor contribution at each student level. If
we have decent quality predictive datasets per student, personalized diagnosis is within
reach, which is immensely powerful in designing creative, yet, targeted personalized
education interventions.
Figure 3 shows a SHAP summary plot aggregating the importance and effects of
predictive factors for all students. Each dot on the summary plot represents the SHAP
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Figure 2
SHAP predictions for an individual student’s math academic performance
Figure 3
SHAP summary plot of predictive factors by decreasing importance
value of a predictive factor for a student. Among the predictive factors, language, grade,
reading, self-efficacy in math rank the top influential factors that contribute to student
math learning. Grade referring to grade level ranks high in importance because math
scaled score is the output value, and it is expected that students from higher grade
levels tend to have higher scaled scores, even though the grade is not a predictive
factor defined in the previous section.
According to Figure 3, higher values of language and reading (i.e., predictors of
instructional language for math) result in higher SHAP values delineating a higher
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probability to get higher scores in math. Negative SHAP values for language indicate
a negative contribution of language to math scores. Furthermore, we can also see that
language SHAP value distribution is very wide, which means that the contribution of
language to math learning can be extremely positive or extremely negative. In other
words, when a student has extremely low language skills, potentially, math performance
of this student is negatively affected to a great extent. Given that language is of the
highest importance for math learning, segmentation analysis is carried out to find out
the extent to which the contribution of language skills to math academic performance
varies from student to student to get a more precise idea to design proper language
intervention programs for different students. Figure 4 shows the average contribution
of predictive features in terms of SHAP values.
Figure 4
SHAP feature importance plot of predictive factors
Students were segmented based on the following evidence: if the math grade gap
(GE score – grade level) for a student was ≤–3, the student was considered very poor;
if it was >–3 and ≤–1, the student was considered poor; if >–1 and ≤1, the student
was considered normal; and if the math grade gap was >1, the student was considered
outstanding. The segmentation evidence for very poor, poor, normal, and outstanding
student groups were applied across Grade 5 to Grade 9. In the following section, the
average SHAP values of language per student segmentation/category are analyzed.
Note that average SHAP values show whether features are positively or negatively
associated with math performance.
As shown in Figure 5, language contributes negatively to math performance for
very poor students (i.e., average SHAP value is –22.96), and the average language
score for very poor students is 171.86. Poor students stay on the borderline with a
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mean score of 180.22, indicating that if the language score decreases from 180.22,
math performance will be affected negatively. For normal and outstanding students,
language contributes positively to math performance, with average SHAP values of
25.29 and 60.85, respectively. These lead to two main takeaways: (1) when a student
scores below 171.86 in language, language starts to contribute negatively to math
performance regardless of grade levels and (2) very poor student segmentation group
is the intervention focus group whose language is the main factor that contributes
negatively to math performance.
Figure 5
Average SHAP values of each student category and language score
Using the same student segmentation standard above, the following is the relation-
ship between all selected predictive factors and math performance per segmentation
group.
As shown in Table 4, moving from very poor to poor, to normal, and to outstanding
math performance segmentation groups, the average SHAP values that reflect the
relationship between predictive factors andmath performance increase from negative to
positive, representing a relationship between these factors and student math academic
performance. For instance, outstanding students have better language and reading
skills, hence better math performance, whereas very poor students do not perform well
in math, mainly due to the lack of proficient language and reading skills.
The following sections delve further into a detailed analysis of the relationship
betweenmath academic performance and instructional language, self-system,metacog-
nitive regulatory strategies, respectively, with segmentation evidence.
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Table 4
Average SHAP value of features per student category
Features Very poor Poor Normal Outstanding
Avg. SHAP Language –22.96 3.31 25.29 60.85
Avg. SHAP Reading –10.08 –1.02 12.88 24.52
Avg. SHAP Control
strategies
–1.50 0.03 1.31 2.35
Avg. SHAP Elaboration
strategies
–0.54 0.27 0.83 1.08
Avg. SHAP Global reading
strategies
–1.03 0.08 1.10 1.58
Avg. SHAP Grade anxiety
factor
–0.57 0.07 0.54 0.41
Avg. SHAP Grit –0.73 –0.37 0.92 3.55
Avg. SHAP In-class
anxiety factor
–0.88 –0.09 0.95 2.53
Avg. SHAP Instrumental
motivation
–1.37 –0.41 0.50 1.14
Avg. SHAP Intrinsic
motivation
–1.28 –0.88 –0.35 0.01
Avg. SHAP Memorization
strategies
–0.99 0.45 1.65 2.23
Avg. SHAP
Problem-solving strategies
–0.37 0.18 0.44 0.66
Avg. SHAP Self-concept in
math
–0.05 0.43 1.03 1.85
Avg. SHAP Self-efficacy in
math
–2.47 0.02 3.97 7.55
Avg. SHAP Support
reading strategies
0.17 0.42 0.54 0.79
4.3. Relationship between instructional language andmath perfor-
mance segmentation groups
As shown in Figure 6, when students score >180 (±1.94) in language, their language
skills start making a positive contribution to math academic performance, given other
predictive factors, regardless of student segmentation groups. However, the number
of students whose language scores fall <180 increases from outstanding to normal,
to poor, and to very poor categories. A language score of 180 was considered as the
cut-off value, from which the SHAP value is either positive or negative. The vertical red
lines in Figures 6 and 7 show the cut-off values separating positive and negative SHAP
values.
In terms of the contribution of reading factor, as shown in Figure 7, when students
score >170 (±1.29) in reading, their reading skills start making a positive contribution
to math academic performance, given other predictive factors, regardless of student
segmentation groups. A reading score of 170 was considered as the cut-off value, from
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Figure 6
Scatter plot between language score and SHAP value of language feature for each student
category
which the number of students whose reading scores fall below the value increases from
outstanding to normal, to poor, and to very poor categories.
Figure 7
Scatter plot between reading score and SHAP value of reading feature for each student
category
Further, Table 5 focuses on the relationship between language and reading per math
performance segmentation category.
Table 5
Pairwise correlations between language and reading in each student category
Student categories Variables Language




As Table 5 illustrates, there is a moderately strong positive correlation between
language and reading per outstanding, normal, and poor student segmentation groups.
The correlation between language and reading is moderate (0.334) per very poor
student group.
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Based on Figures 6 and 7, and Table 5, determining the language and reading skills
evaluated behind the cut-off values (for language, 180, and for reading, 170) is very
important to design targeted second foreign language learning intervention programs
for those who are struggling with math because of their poor English language and
reading skills. Learning grammar and vocabulary is a starting point to help very poor
math learners to read in English so they are able to better process math content
comprehension.
4.4. Relationship between self-efficacy and math performance
segmentation groups
Figure 8 shows that the contribution of self-efficacy to math academic performance
starts to be positive for those who responded >3.5 in math self-efficacy. This is com-
pelling evidence that regardless of math performance level, when any student has
higher expectations and judgements about self andmath-learning tasks, math academic
performance benefits.
Figure 8
Scatter plot between self-efficacy in math and SHAP value of self-efficacy in math feature for
each student category
Furthermore, when a student has higher expectations and judgements about self
and math learning tasks, it is also expected that self-efficacy beliefs motivate students
to behave differently. The correlation between self-efficacy and intrinsic motivation is
moderately strong for poor, normal, and outstanding student segmentation groups,
with correlation coefficient values of 0.637, 0.667, and 0.60, respectively. For very poor
students, the correlation between self-efficacy and intrinsic motivation is moderate (r =
0.462). A strong positive correlation exists between self-efficacy and self-concept per
very poor, poor, normal, and outstanding students, with correlation coefficient values of
0.645, 0.709, 0.714, and 0.719, respectively. Among the self-system factors, self-efficacy
in math acts as the base filter when a student interacts with math-learning tasks. To
boost student intrinsic motivation to learn math, the starting point is to build stronger
self-efficacy in math.
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4.5. Relationship between MARSI and math performance segmen-
tation groups
As Figure 9 demonstrates, any student, regardless of being outstanding, normal, poor, or
very poor, when they respond about 3.7 or above in global reading strategies (i.e., high-
level awareness), their metacognitive awareness in using ESL global reading strategies
contributes positively to math academic performance. However, the number of students
who do not have a high level of awareness in using ESL global reading strategies is
increasing from outstanding to normal, to poor, and to very poor categories.
Figure 9
Scatter plot between global reading strategies and SHAP value of global reading strategies
feature for each student category
The same findings were found for problem-solving strategies under the MARSI frame-
work, with a cut-off point of 4.1. Thus, having a high level of metacognitive awareness in
using global reading strategies and problem-solving strategies benefits math academic
performance for all learners.
4.6. Relationship between PISA math regulatory learning strate-
gies and math performance segmentation groups
The cut-off point for math control strategies (i.e., usually or always) is 3.7, beyond which
the control strategies contribute positively to student’s math performance (see Figure
10). In addition, the number of students who exercise control strategies not frequently
(i.e., sometimes, never, or occasionally) is increasing from outstanding to normal, to
poor, and to very poor categories. The same findings were found for elaboration and
memorization strategies with a cut-off point of 4.9 and 3.0, respectively.
Based on the above findings for control, memorization, and elaboration strategies,
exercising PISA math metacognitive regulatory strategies more frequently (usually or
always) benefits learners regardless of their math performance levels.
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Figure 10
Scatter plot between control strategies and SHAP value of control strategies feature for each
student category
4.7. Predictive factors for very poor students
As shown in Table 6, the importance of predictive factors is ranked based on average
SHAP values. Almost all predictive factors except for support reading strategies nega-
tively contribute to math academic performance for very poor students. Amongst these
factors, instructional language factors such as language and reading levels have the
strongest negative contribution to math academic performance. It is highly likely that
because very poor students struggle with English language and reading that could result
in low self-efficacy in judgments about self andmath learning tasks in English. As a result,
students might have a lack of intrinsic motivation to learn math. In addition, based on
the evidence from the previous sections, many very poor students do not practice PISA
math learning strategies frequently and they do not have high-level awareness of using
global reading and problem-solving strategies underMARSI, which worsens the learning
experience and outcomes for them. In short, the very poor student segmentation group
needs urgent and targeted intervention from all ends, especially from language and
reading intervention programs, plus metacognitive skill training.
5. Conclusions, Limitations, and Future Steps
This article presents the results of a large-scale investigation of how Grade 5 to Grade
9 students approach math learning and how their approaches contribute to math
academic performance in Abu Dhabi public school system. The main purpose of the
study was to use research to uncover evidence-based findings to inform research
and policy development, research and development initiatives in the EdTech sector to
improve student learning experience and outcomes with systematic data and a rigorous
research methodology. Although the analysis of additional variables can further improve
this study, the findings suggest a number of solid possibilities for policy refinement,
future research, and R&D initiatives in the EdTech sector in the UAE.
First, the results show that student math academic performance benefits when stu-
dents: (a) have higher self-efficacy in math; (b) have a high level of awareness in using
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Table 6
SHAP value of features for very poor students
Predictive factor Avg. SHAP value
Avg. SHAP Language –22.96
Avg. SHAP Reading –10.08
Avg. SHAP self-efficacy in math –2.47
Avg. SHAP control strategies –1.50
Avg. SHAP instrumental motivation –1.37
Avg. SHAP intrinsic motivation –1.28
Avg. SHAP global reading strategies –1.03
Avg. SHAP memorization strategies –0.99
Avg. SHAP in-class anxiety factor –0.88
Avg. SHAP grit –0.73
Avg. SHAP grade anxiety factor –0.57
Avg. SHAP elaboration strategies –0.54
Avg. SHAP problem-solving strategies –0.37
Avg. SHAP self-concept in math –0.05
Avg. SHAP support reading strategies 0.16
global reading strategies and problem-solving strategies under MARSI; (c) exercise
PISA math metacognitive strategies on a more frequent basis such as usually or always;
and (d) score >170 in language or 180 in reading. These are solid pieces of evidence
that our hypothesized model of student approaches to math learning, if encouraged
and executed in the right way within the Instructional Core, improves student academic
performance inmath. For students to be engaged andmotivated for math-learning tasks,
the right level of math content has to be provided and students have to be equipped
with the right level of instructional language skill sets (i.e., language, reading). In the
meantime, when students interact with learning tasks, metacognitive knowledge and
metacognitive regulatory strategies must be taught and encouraged by the teacher to
be executed by the student. As principle 2 of the Instructional Core says, “If you change
any element of the instructional core, you have to change the other two” (City et al.,
2009). Student engagement, the right math content delivery, and teacher facilitation in
how students exercise metacognitive strategies should work in sync to improve student
learning. Thus, given these results, national policymakers are highly recommended to
have the following two K12 schooling outcomes in the education system: (1) academic
performance measured by well-designed standardized tests and (2) measurable and
malleable student approaches to academic learning. Standardized test scores tell what
is happening, and student approaches to academic learning inform the reasons behind
it. These reasons can bemodified if predictive factors chosen to measure approaches to
learning are malleable in the first place, and targeted interventions could be designed
to address problems that result in student learning gaps. By having these two key
performance indicators go hand in hand, the quality of schooling is highly likely to be
improved. Also, by having the aforementioned two schooling outcomes embedded in
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research-based education system monitoring, it is more scientific and fairer to assign
proper accountability to different stakeholders within the education system to ensure
they deliver key performance indicators required, be it students, teachers, or content
providers.
Second, among all the predictive factors selected, instructional language factors
(i.e., language and reading) are the most influential learning factors for math academic
performance, and the contribution could be extremely positive or extremely negative.
For those who scored >170 in language (i.e., vocabulary and grammar) and 180 in
reading, math learning benefits; while for those who scored below the cut-off values in
language and reading, math learning suffers. The percentage of students who scored
>170 in language and 180 in reading accounts for 36.96% of the original sample of 4,107,
which indicates that about 63% of the sampled students face challenges learning math
in English. From a second language acquisition point of view, language skills including
vocabulary comprehension and grammar contribute to reading skill development. Our
findings show evidence of a correlation between language and reading. Hence, it is
recommended that policymakers and education practitioners understand the language
and reading skills embodied behind the cut-off values ( for language 170, and for reading
180) to seek targeted intervention strategies to remediate English language proficiency.
For students who have serious English literacy challenges, remediation efforts have
to start with vocabulary and grammar foundation, meanwhile making sure math and
science content is readable for these students is crucially important. For students who
are excelling in English, advanced English language programs should be provided.
Learner needs must be identified, differentiated, and met.
Taking one step further, students enrolled in Abu Dhabi public schools are first-
language speakers of Arabic. Abu Dhabi Education Council (ADEC) introduced English
as the instructional language for math and science in 2010 (Gallagher, 2011). However,
the reality is more complex and expectations for different student segmentation groups
have to be realistic. Many factors need to be considered in bilingual STEM math and
science learning in UAE policymaking. For instance, teachers’ English proficiency to
deliver math instructions, students’ English literacy level, degree of English program
immersion, math, and science literacy should all be considered. Further research needs
to be done in this area.
Apart from education policy refinement recommendations, promises that AI predic-
tion, education technology, and digital content together can help address some of
the daunting challenges in a creative way, on condition that positioning of the role
of technology and digital content, the role of the teacher, and the role of the student
follow key principles of the Instructional Core. First, the AI prediction model serves as
a powerful tool to diagnose and predict learning behavior and learning outcomes for
each student. The results in Figure 4 already show the promises. The main challenge
with this model is to have measurable quality data that serve pedagogical purposes in
K12 education. On the other hand, the main limitations of this study are twofold. First,
data on self-system and metacognitive factors are collected from student self-report
questionnaires; second, a lack of data on math cognitive strategies, teachers’ English
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instructional language skills and teachers’ math domain knowledge exacerbates the
limitations.
Despite these challenges and limitations, future research and development work in
the EdTech sector would involve combining education data mining and other exist-
ing qualitative education measurements to serve the purposes of diagnosis, behavior
prediction, and to guide differentiated education interventions. Second, AI prediction,
education technology, and digital content solutions together could potentially provide
differentiated interventions for an extremely heterogeneous student population like the
one in Abu Dhabi public school system. For instance, by injecting cooperative gamifica-
tionmechanism such as shared goal setting, peer learning, and immediate feedback into
the technology platform design and by leveling digital content for differentiated learners,
a low-achieving math learner with English literacy challenges could set their own
learning goals on not just math academic learning but also on the use of metacognitive
strategies to read or on how to collaborate with others. Then, this learner could receive
readable digital content including scaffolded bilingual instructional language support for
math, simulations, interactives, visual and audio support, while collaborating with peers
to tackle a shared goal. Eventually, the learner’s performance is evaluated based on
multiple standards, keepingmotivation and positive affective emotions intact throughout
the learning processes. Apart from what technology and digital content tools can help
within the Instructional Core, students still need teacher support and interaction with
peers to foster social-emotional skill development. Therefore, it is important to ground
platform feature design, learning analytics data dashboard design, and teacher profes-
sional development activities on both self-regulated learning pedagogical framework
and collaborative peer learning to drive better academic learning outcomes and 21st-
century skill development.
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